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Introduction 1
In his now well known contribution, Hubbell (2001) introduced a neutral theory of 2 biodiversity, building upon the mainland-island model borrowed from the theory of island 3 biogeography (MacArthur & Wilson 1967). His theory basically describes a model of 4 interacting communities where the slow and regional scale dynamics such as speciation and 5 extinction occur on a metacommunity level and the relatively faster local demographic events 6 such as the birth and death of individuals are the mainstay of the local community dynamics. 7 Hubbell (2001) further imagined equilibrium situations for these two entities which are 8 dictated by the parameter θ (the fundamental biodiversity number) for the metacommunity 9 dynamics and an immigration parameter I (Etienne & Olff 2004) for the local community 10 dynamics. The interaction between these entities is modelled through the arrival of immigrant 11 individuals from the regional pool of species (i.e. the metacommunity) towards a single or 12 multiple local communities. It can be further interpreted as a measure of the isolation that a 13 local community undergoes from the regional species pool due to some form of limited 14 dispersal or more exactly immigration-limitation (Beeravolu et al. 2009 ). Up till now, much 15 of the interest on neutral models in ecology has been either based on this two-level spatially 16 implicit hierarchical framework (Hubbell 2001 structure, details of the metacommunity processes such as speciation have been explored 20 (Haegeman & Etienne 2008; Kopp 2010 ) though a consensus neutral approach is still lacking 21 in community ecology (Gravel et al. 2006 ) and work is still in progress (Haegeman & Loreau 22 2011 ). 23
One explanation for the discord among ecologists, especially on the practical 24 relevance of the two-level spatially implicit neutral model (hereafter denoted 2L-SINM), has 25 2L-SINM for the case of an immigration-unlimited random sample of the panmictic 1 metacommunity (see Fig. 1 ). Besides, this collapse and vice versa forms the backbone of 2
Munoz et al. 's (2007, Appendix) coalescence simulation strategy of multiple local community 3 samples which is briefly described later (see "Simulating multiple local community 4 samples"). sample. We define the time dependant version, F intra (k,t), of the intra sample similarity (or 18 conspecific at time t) and in keeping with the 3L-SINM framework, the theoretical similarity 19 at t between the intermediate (regional) pool of available immigrating species and a given 20 local community k is F inter (pool,k,t). If each local sample is assumed to reasonably 21 approximate the composition of its respective local community, it is possible to derive, as 22
shown in the following, the time independent expectation F intra (k) (Munoz et al. 2008, 23 Appendix C). 24 dead individual with probability 2/n k and 1 -2/n k respectively. Following a coalescent 3 approach (see Etienne & Olff 2004, eqn 1), for every dead individual, the replacing individual 4 is either the offspring of a local individual or an immigrant individual of a lineage currently 5 not present in the community. In the former, the replacement probability is given by m k and 1 6 -m k for the latter, where m k represents the immigration probability into the k th local 7 community. Consequently, the conspecific probability (hereafter denoted CnP) at t+1 of two 8 randomly chosen individuals from a community which include the dead individual is the sum 9 of three different transition probabilities. 10
When the replacement is an immigrating replacing individual, the CnP of the chosen 11 couple is F inter (pool,k,t) which is the time conditional version of F inter (pool,k). If the 12 replacement is a local event, it could be the descendant of the other individual, with 13 probability 1/n k , in which case the CnP would be 1. If the replacing individual belongs to an 14 offspring of an individual from the rest of the community (with probability 1 -1/n k ) the CnP 15 is given by F intra (k,t). We could also consider the possibility that the dying individual 16 produces offspring (a modification of Moran's (1958) ( ) 2 ( , 1) 1 ( , ) F intra (k,t+1) = F intra (k,t) = F intra (k), which reduces eqn (2) to 5 6 ( )
Let us assume that the k local community samples are far enough from each other in 9 order to represent distinct communities and denote F inter (k) to be the CnP of an individual 10 from the k th community and an individual from one of the k -1 other communities. 11
Consequently, the coalescence approach dictates that F inter (k) is equal to the CnP of their 12 respective ancestors who are distinct immigrating individuals from the regional pool (i.e. 13 (4) 16
17
Local similarity under the 2L- SINM 18 In this section, we develop the other key idea which pertains to the model "collapse" 19 from the 3L-SINM to the 2L-SINM (see Fig. 1 .) which entails that the results of the previous 20 section also apply to the particular case of the 2L-SINM. For the sake of completeness, we 21 also detail the analytical relationship linking F intra (k) to the immigration parameter I k and the 22 biodiversity parameter θ for the 2L-SINM (see also Etienne 2005, eqn 8). 23 1 community and j the corresponding number of ancestors in the metacommunity for the same 2 sample. In other words, the quantity j corresponds to the number of those individuals who 3 were the first of every lineage to have immigrated into the community sample, which, for a 4 sample of size n, is j < n original community lineages. Accordingly, we write the n-sample 5 CnP as 6
where p comm (j/n) is the probability of drawing a sample of n individuals from the k th local 10 community which are the progeny of exactly j different immigrating individuals and p meta (1/j), 11 the probability that all of these j ancestors belong to the same species. 12
The 2L-SINM describes a metacommunity at speciation-drift equilibrium whose 13 sample abundance distribution can be described using well known multinomial formulas from 14 the field of population genetics (see Hubbell 2001, 119) . Thus a random sample from the 15 metacommunity containing j individuals belonging to σ different species has the probability 16 immigration-drift equilibrium) where the immigration process replaces the speciation process 1 and 2
Thus, eqn (5) can be rewritten as 6 
where E k denotes the expectation over the k local community samples. 12
While eqn (12) can be applied directly to simulated local community samples with a 13 known theoretical θ, it needs to be adapted for a field dataset which may belong to a single or 14 several metacommunities. In the following we attempt to identify a subset of the field dataset 15 which is most likely to correspond to a 2L-SINM framework (i.e. a speciation-drift 16 equilibrium at the metacommunity level). One possible way to go about this task is to 17 measure the spread of the ˆk θ distribution and attempt to reduce it by using a sequential 18 elimination scheme which opts out field samples one at a time. 19 Let us assume that our field dataset consists of Y community samples of variable size. 20
Our method consists of calculating the ˆY θ value of a given dataset along with a measure of 21 statistical deviation (denoted COD Y , see below) and repeating the same by randomly pulling 22 out one sample at a time and computing 1Y θ − and COD Y-1 . Among the Y values of 1Y θ − thus 1 obtained, we eliminate the sample whose absence produced the smallest COD Y-1 value and 2 then proceed with the sequential elimination scheme with the remaining Y-1 samples. We 3 define our coefficient of deviation or COD (a robust analogue of the coefficient of variation) 4
as the ratio of the mean absolute deviation (MAD) over the average where 5
The MAD is a well known robust statistic of the sample variation when the population 9 distribution is unknown or for highly skewed curves commonly known as heavy-tailed 10 distributions. For a normal distribution, the standard error can be roughly calculated as 1. 2010b). We also varied the number of samples (i.e. N) by simulating 5, 10, 20, 30 and 50 8 samples. These simulations also need a biodiversity parameter to be defined for which we 9 simulated sets of scenarios where θ = (10, 50, 100, 200, 300). In the following, we shall to a 10 simulated sampling protocol (or SSP hereafter) as a simulation generated using the 11 information provided by the couplet (N, θ) as the other parameters are chosen to vary at 12 random (i.e. I k and n k ). Thus, we have considered a total of 5 (values for N) x 5 (values for θ) 13 = 25 SSPs, each of which was in turn replicated 200 times whereby we obtained a grand total 14 of 5000 estimates (denoted θ ) of the theoretical biodiversity parameter θ. We assessed the 15 performance of the estimation of θ by studying the histograms of the Relative Bias (RB) given 16 by ( ) θ θ θ − and the COD (cf. eqn (13)). 17
18
Inferring θ using field data 19
Apart from simulations, we estimated θ using two tropical forest datasets each 20 consisting of multiple small permanent field plots. Both these datasets consist of the 21 We studied the RB (relative bias) and the COD (coefficient of deviation, see eqn (13)) 10 histograms for the various SSPs (simulated sampling protocols). The 5000 SSP estimates of 11 θ which make up the histograms were obtained in the matter of a few minutes using the 12 MATLAB® software (MathWorks 2008). In both the five and fifty SSPs (Figs. 2 and 3  13 respectively), the best fit normal curve clearly emphasized the increasing symmetry of the 14 distribution of the RB of θ with increasing theoretical θ and suggested that the estimator is 15 unbiased. In general, the RB distribution of θ showed a tendency to be skewed for low values 16 of θ while it became more symmetric and always remained centred around zero as θ increased 17 (see also Figure S1 in the Supporting Information). At the same time, the COD distribution 18 was skewed for a low number of samples (e.g. N = 5, 10) and a high theoretical θ and vice 19 versa for N > 10, while the COD skewness varied little (for low θ) compared to the RB 20 skewness ( Figure S1 ). However, note that the COD histograms ( Figs. 2 and 3 ) rarely exceed a 21 maximum value of 0.2, which was used as a benchmark when estimating θ on field data for 22 large N. 23
We also applied our estimator to the two tropical forest datasets presented above (Fig.  24   4) . When using all the 50 field samples of the PCW data, we obtained a high COD 50 value (≈ 25 0.8) in comparison to the COD histogram for the N = 50 strictly neutral SSPs (Fig. 3) . In 1 contrast, the COD 50 for the WG data (≈ 0.2) was well within the range (not shown). 2 Subsequently, we applied the sequential elimination scheme on both these datasets (cf. 3 previous section) in order to identify the network of plots composing the ideal (i.e. panmictic) 4
2L-SINM metacommunity. The estimation of the neutral biodiversity parameter for the WG 5 dataset proved to be comparatively stable while its respective COD values fluctuated slightly 6 (between 0.1 -0.2) below the maximum value observed for strictly neutral simulations. 7
Furthermore, our estimation of θ for the WG data was well bounded by the values 62. continued to eliminate samples in order to check for its stability (Fig. 4) . Besides, a closer 12 look at the remaining PCW plots revealed that the first eight eliminated plots were part of the 13
Outer PCW region (numbered 31-39, see Pyke et al. 2001 , Fig. 1 ). 14
15

Discussion 16
In this paper, we have basically introduced a new estimator for multiple field samples 17 of the neutral biodiversity parameter θ, first formulated by Hubbell. Subsequently, this 18 estimator has been tested on wide-ranging simulations of multiple neutral local community 19 samples at migration-drift equilibrium. A general conclusion from our simulation study is that 20 the relative bias of θ seems to be relatively well distributed around zero with a progressive 21 tightening of the same as θ increased. This property is highly desired given that currently 22 available estimators of θ for a single local community sample present an increasing bias with 23 increasing θ (Munoz et al. 2007) . As for the estimation variance, measured using the COD 24 values, we note that the number of community samples used (i.e. N) is an important factor as 25 a fewer number (e.g. 5 and 10) leads to an increase in the spread of the COD distribution ( Fig.  1 2). Our results can also be seen as a significant improvement in contrast to likelihood 2 approaches (Etienne 2009b) which become computationally intractable for more than five 3 samples of small size like the ones used in this paper (Beeravolu et al. Submitted manuscript) . This implies that while the data seem to agree with the neutral model, violations from neutral 22 assumptions might not hinder a sound estimation of θ as a phenomenological descriptor of 23 the overall diversity of the region. Instead, estimating θ may be a good basis to compare the 24 overall diversity between biogeographic regions as Fisher's α is known to be asymptotically 25 identical to θ (Hubbell 2001, 165) . This approach could also be extended to other forest types 1 and biogeographic regions in order to identify the extents of the different metacommunities as 2 discussed above and measure their relative diversity. 3
To pursue this idea further, we can use the distribution of the ˆ( ) inter F k values in order 4 to identify the local communities whose top-down linkage to a common metacommunity may 5 be unlikely. Conversely, it is also a simple approach which delineates a subset of samples that 6 look "floristically homogeneous" with respect to the 2L-SINM. Such a group of field plots 7 whose taxonomic composition complies with the 2L-SINM of a metacommunity could be 8 used to spatially delimit or map forest types over a regional sampling design. While the 9 elimination technique presented in this paper can be seen as a simple top-down clustering Finally a major weakness of almost all neutral approaches is that it is an equilibrium 16 theory which nevertheless has greatly facilitated its mathematical development. Though, truly 17 dynamic neutral modes are desperately lacking in community ecology (but see Leigh et al. 18 1993; Gilbert et al. 2006 ) and some initial steps have been taken in this direction 19 (Vanpeteghem & Haegeman 2010) , much needs to be done before we are able to infer the 20 parameters of a dynamic model from field data. However, the main improvement presented in 21 our paper is a simple and computationally efficient approach for estimating the biodiversity 
